Results about the problem of accurate ranging within the human body using ultra-wideband signals are shown. The ability to accurately measure the range between a sensor implanted in the human body and an external receiver can make a number of new medical applications such as better wireless capsule endoscopy, next-generation microrobotic surgery systems, and targeted drug delivery systems possible. The contributions of this paper are twofold. First, we propose two novel range estimators: one based on an implementation of the so-called CLEAN algorithm for estimating channel profiles and another based on neural networks. Second, we develop models to describe the statistics of the ranging error for both types of estimators. Such models are important for the design and performance analysis of localization systems. It is shown that the ranging error in both cases follows a heavytail distribution known as the Generalized Extreme Value distribution. Our results also indicate that the estimator based on neural networks outperforms the CLEAN-based estimator, providing ranging errors better than or equal to 3.23 mm with 90% probability.
Introduction
The concept of a Body Area Network (BAN) is an emerging paradigm in medical information and communication technology (ICT) that has been steadily gaining popularity. The basic building blocks of a BAN are small, low-power sensors deployed inside, on, or even off the body surface, as shown in Figure 1 . These devices can be used for sensing a wide variety of parameters associated with human health and wellness. Potential application domains for BANs are e-health, public safety/military, and even personalized entertainment [1] . Out of all these application domains, the case of implant communications where the sensors are implanted inside the human body is the focus of the current paper. Examples of such implant applications include wireless capsule endoscopy (WCE) [2] , targeted drug delivery vehicles, and next-generation microrobotic surgery systems. For just about all these applications, knowing the location of an implant sensor (or robot) inside the body can be a critical piece of information. For example, in WCE-based disease diagnosis in the small intestine knowing the location where an image was taken could aid in more effective treatment of abnormal conditions (such as intestinal bleeding and tumors) [3] . Targeted drug delivery vehicles can result in more effective drug delivery to the diseased area, resulting in more effective treatment with less discomfort for cancer patients compared to currently used treatment modalities like chemotherapy. For this scenario, the location of the drug delivery vehicle is naturally of interest in order to make sure that the drug is delivered to the right area. Next-generation microrobotic surgery could revolutionize surgery, allowing medical procedures with minimal discomfort for patients, both during and after the procedure. This application example would also be impossible without knowledge of the location of the implanted microrobot within the body.
In general, the ability to localize a wireless transceiver can be solved by measuring various characteristics of the signal received from the transceiver at various reference points (whose locations are known with respect to some coordinate system). These characteristics of the signal, known as location metrics, are of three main types: Time of Arrival (TOA), Angle of Arrival (AOA), and Received Signal Strength (RSS) [4] . The measurements of these metrics are then processed with an appropriate algorithm to come up with a final location estimate. In challenging cases of practical importance (such as the indoor environment), AOA is not usable by itself for accurate location estimation, as in this case the line-of-sight (LOS) path between the transmitter and receiver is usually blocked, resulting in dramatically large errors in AOA estimation [4] . It is conceivable that a lossy, nonhomogeneous environment like the human body will be even more challenging for AOA estimation. Therefore, our focus in this paper will be on TOA and RSS metrics. The measurements of both TOA and RSS can be used to come up with an estimate of the distance or range between the wireless transceiver to be located and a specific reference point. These range estimates are then used to come up with an estimate of the location. Therefore, the problem of determining the range, known as the ranging problem in the literature, is of fundamental importance in localization systems.
In recent years, Ultra-wideband (UWB) and Impulse Radio UWB (IR-UWB) in particular have been attracting attention for possible use in BAN applications. The advantages of UWB for these scenarios include simple transceiver architectures enabling low-power consumption (a critical requirement for implant applications and also for minimizing interference to other systems [5] ) and wide bandwidth, resulting in communications at a higher data rate [6] . In fact, it is precisely for these reasons that UWB is being considered as the technology platform for next-generation WCE systems [7] . In addition, UWB systems are capable of highaccuracy ranging in challenging multipath environments, such as the indoor environment, where traditional localization systems such as GPS typically fail [8] . A localization system for an in-body application such as WCE will typically require millimeter-scale accuracy, which will in turn require high-quality range estimates. The objective of the study reported in this paper is to investigate the overall feasibility of high-accuracy in-body ranging using UWB signals.
With the above points in mind, it makes sense to pose the following questions. If UWB systems can be used successfully in challenging environments such as the indoor scenario, can they also be used for high-accuracy ranging in the in-body environment as well? And what kind of range estimators can be used for this purpose? Could millimeter-scale accuracy be obtained from these range estimators? The first contribution of the present paper is to address these questions. We do this by proposing two novel range estimators, one based on an implementation of the CLEAN algorithm [9] and another based on neural networks (NNs). Our results clearly demonstrate the feasibility of obtaining millimeterscale ranging accuracy in the in-body environment, as will be apparent from the results in the later sections of the paper.
Besides the design of range estimators, another significant problem for high-accuracy in-body localization is that of ranging error (also known as distance measurement error). At the core of this problem is the physics of radio wave propagation inside the human body. The human body is an example of a geometrically complex, nonhomogeneous, lossy propagation environment, where the permittivity and conductivity of different body tissues are frequency-dependent [10] . As a result, different frequency components of a UWB signal are delayed and attenuated by different amounts, resulting in significant signal distortion at the receiver. The effects of the channel on the UWB signal are thus frequency-selective and highly nonlinear. Previous work on modeling the frequencydependence of the channel characteristics can be found in [11] [12] [13] [14] [15] [16] [17] [18] and a recent comprehensive study characterizing Wireless Communications and Mobile Computing 3 the highly nonlinear nature of the frequency-selective inbody channel (including the frequency-dependence of the scattering phenomenon) can be found in [19] .
For range estimation, the net result of this channel behavior is random, and sometimes large, values of ranging error. The effects of the human body on TOA-based ranging performance have been studied previously (see, e.g., [20] [21] [22] [23] ); however, these studies focused on the scenario of bodymounted sensors and are not readily applicable to the case of in-body ranging. There do not appear to be a lot of studies dealing with the issue of ranging in the in-body environment. In [24] , characterization of the ranging error is undertaken at the MICS band (402-405 MHz), which is the band currently used for implant BAN applications. Ranging performance in both the UWB and narrowband (i.e., MICS band) cases is compared in [25, 26] ; this comparison was based on a homogeneous approximation of the in-body environment. An analysis of maximum likelihood techniques for UWBbased in-body ranging based on previously proposed implant propagation models was undertaken in [27] ; this study highlighted both the challenges associated with the in-body environment and the resulting poor performance of this wellknown estimator. It is clear, therefore, that more analysis is necessary in order to really understand the behavior of the ranging error in the in-body environment with UWB signaling, given the highly nonhomogeneous nature of the propagation environment inside the human body. An analysis of the ranging error, therefore, is also undertaken and forms the second contribution of the present paper.
The rest of this paper is organized as follows. In Section 2, we review the fundamental problems of in-body ranging using UWB signals and outline the concepts of the two range estimators. Section 3 presents the framework for performance evaluation of the two estimators proposed. The performance of both estimators are presented and compared in Section 4. Section 5 concludes the paper.
In-Body Ranging with Ultra-Wideband Signals
In this section, we propose and present the details of two techniques for ranging using UWB signals in the in-body environment, one based on an implementation of the CLEAN algorithm [9] and another based on neural networks.
Ranging with the CLEAN Algorithm.
The CLEAN algorithm has been used in previous studies in order to extract the multipath characteristics of radio propagation for cases such as the indoor scenario [28] . In this study, the CLEAN algorithm is used to derive the channel profile for the in-body environment and estimate the TOA for ranging. To set the stage for this discussion, recall that traditional TOA-based ranging uses the one-way propagation delay (Δ ), also known as the TOA, in order to estimate the range (or distance), 0 , between a transmitter and a receiver as given by the equation
where is the speed of light in free space. Since the speed of light in free space is constant, an accurate estimate of Δ is sufficient in order to come up with a precise estimate of the range. When trying to estimate the range between an implanted sensor and a receiver located at a distance, , above the body surface, the different relative permittivity values of various body tissues imply that (1) needs to be modified as
where represents the relative permittivity of the tissue that the signal is going through. Substantially, (2) implies that large ranging errors are possible because of the nonhomogeneous nature of the in-body environment, since the speed of light changes within the different types of tissue. Therefore, simply estimating the TOA accurately is no longer sufficient for accurate range estimation; a mathematical model of the variation of is also necessary in order to estimate the signal propagation speed within the different tissues. The structure of the CLEAN algorithm is shown in the flowchart of Figure 2 and is well documented in the literature. The general idea is to find the largest pulse embedded within the received signal, ( ), by correlating it with a template signal, ( ), that is specified in advance [29] . For the purposes of this study, this template signal was the UWB pulse applied at the antenna input (more details on this template signal are given in Section 3). The power contribution for this largest pulse is then subtracted from the original signal, thereby removing its impact. The amplitude, Γ , and time delay, , of this largest pulse are then used to add an impulse to the channel profile (denoted by ( ) in Figure 2 ) with a time delay, , and a normalized amplitude, , as given by
where is the maximum value of the autocorrelation function of ( ); that is,
and "⊗" denotes the correlation operator. As seen in Figure 2 , this whole process is repeated until the value of falls below a certain threshold value which, in this study, has been taken to be 10% of the amplitude of the largest pulse. The end result of the algorithm is a channel profile that consists of a series of impulses, as seen in Figure 3 . From the channel profile, an estimate of the propagation time delay, Δ , is determined. The next phase of ranging involves an estimation of the value for the path the signal traveled over. Normally, this step is complicated by the nonhomogeneous nature of the human body and the fact that the thickness of each tissue is different (which implies that their contribution to the overall value will change). However, it is possible to circumvent this difficulty and come up with an average value with respect to this nonhomogeneous environment, as discussed next.
For a given path between the transmitter to the receiver and known actual distance, 0 , (2) can be rearranged to give
and thus (5) can be used to estimate the value of as a function of the implant depth, namely, ( 0 ). This could be accomplished by first obtaining a series of values for different known values of 0 and then characterizing the functional dependence of on 0 by means of curve-fitting (this point is further discussed in Section 3). Assuming the general case that the receiving antenna is located mm away from the body surface, an estimate of the implant depth beneath the body surface,̂0, could be calculated aŝ (6) where V body = /√ is the speed of propagation inside the body tissues and
is the net amount of time delay due to body tissues. In calculating this value, we use the fact that the receiving antenna is located at a distance, d, above the body surface. Over this distance, the signal would travel at the normal speed of light in free space, incurring a delay equal to / . This value is then subtracted from the total TOA derived from the channel profile, Δ , to give the total amount of time delay due to body tissues only. The estimator for 0 can then be expressed aŝ0
In summary, the ranging process with the CLEAN algorithm consists of two phases. In the first phase, the received signal is used to determine the channel profile, which is used to determine the TOA. The estimated TOA values are then used to come up with a mathematical model of the variation of the relative permittivity, namely, ( 0 ). Finally, based on these two pieces of information, an estimate of the implant depth, 0 , is obtained using (8) . The full structure of the CLEANbased range estimator is shown in Figure 4 .
We are now in a good position to comment on the practical feasibility of the CLEAN-based estimator. As discussed above, this estimator requires "template" channel profiles for different combinations of transmitter and receiver antenna positions in order to come up with estimates of the TOA and relative permittivity. As discussed previously, the human body is an inhomogeneous environment composed of different tissue types which exhibit frequency-dependent electrical characteristics. In addition, no two human bodies Wireless Communications and Mobile Computing 5 are exactly alike. Therefore, obtaining this information could be computationally challenging. Nevertheless, it is possible to get this information by running the algorithms on the body model data obtained from an individual patient (e.g., through 3D reconstruction from MR images [30] ). This could increase the computational load, a disadvantage if the ranging needs to be performed on a near-real-time basis (for microrobotic surgery applications, e.g.). However, for some applications such as the WCE systems currently used in clinical practice, ranging and localization calculations could all be performed offline as part of the normal data postprocessing (since the ranging and localization data does not need to be known on a real-time basis), thereby rendering this approach practically feasible.
The above-mentioned procedure for the CLEAN-based estimator requires that we have an accurate characterization of the average value for many different values of the implant depth 0 . This can be accomplished computationally by embedding the transmit antenna at different known depths (within the 3D model acquired from the actual patient as discussed in the previous paragraph), determining the average value for each value of 0 and then employing curve-fitting to generalize the results and obtain a closedform expression to characterize the dependency of on 0 . Obviously, this characterization will be more accurate as we obtain values of for many different values of 0 . This has an advantage in the sense that more accurate ranging is possible with the CLEAN-based estimator. The disadvantage is that the computational load associated with the CLEAN-based estimator will be increased.
One final comment with regard to ranging with the CLEAN algorithm is described in the following. Since the CLEAN algorithm operates in the time domain, the ranging method with the CLEAN algorithm is inherently a time domain method. This fact allows it to be distinguished from the ranging method using NN techniques, which is a frequency-domain method, as will be clear from the discussion in the next subsection.
Ranging with Neural Network (NN) Techniques.
Contrary to ranging with the CLEAN algorithm, which uses the TOA metric to estimate the range, the ranging method with NNs uses the RSS metric. Before presenting the details of this estimator, however, the following question needs to be addressed: why a machine-learning technique, such as a neural network, when there are so many other range estimators is proposed in the open literature?
To the best of our knowledge, most of the UWB-based range estimators proposed in the open literature are based on TOA estimation (e.g., see [31] [32] [33] ). The wide bandwidth of UWB signals allows an accurate estimation of the TOA even in challenging multipath scenarios (such as the indoor setting, e.g.). However, accurate estimate of the TOA within the body is complicated by the fact that the human body is a lossy, nonhomogeneous medium with frequency-dependent conductivity and permittivity characteristics for the different tissues. This inevitably leads to the observation that it is more feasible to use RSS, rather than TOA, for the ranging process within the body. As previously observed by other researchers, RSS-based ranging and localization problems are more amenable to machine-learning techniques, such as neural networks [34] [35] [36] [37] . This is the main reason behind the use of the NN-based range estimator in this study.
To motivate the development of the NN-based range estimator, we present the familiar path loss expression between a transmitter and a receiver located a distance apart, as given by
where PL dB represents the path loss in dB, PL 0 is the path loss value at a reference distance from the transmitter, 0 is the implant depth from the body surface (i.e., the distance between the transmit antenna within the body and the body surface), and is the path loss exponent. The value of is dependent on the specific environment where the radio waves propagate. It is possible to use (9) to estimate the range between the implant sensor and the receiver. However, because of the fact that the human body is a lossy medium, the values of can differ greatly between different tissue types. In addition, given the wide bandwidth of UWB signals, is dependent on frequency as well [19] . All this complicates the process of in-body ranging using RSS inside the body. NNs can be leveraged to solve this problem in the following way. First, Finite Difference Time Domain (FDTD) simulation results at known values of the implant depth are used to obtain the magnitude of the Poynting vector data at distances on and off the body surface, after a UWB signal is applied at the input of the implanted sensor antenna. The Poynting vector is defined as the vector product
where E( ) and H( ) are the values of the electric and magnetic field intensities, respectively. The magnitude values of the Poynting vector are then subjected to a Fast Fourier Transform (FFT) operation to obtain the values of the Poynting vector at discrete frequency values. This operation, in essence, allows us to take into account the frequency-dependence of the path loss into account as part of the ranging process. The resulting FFT sequence is then downsampled to reduce the data size. The reason for this step is that both the training time and RAM requirements for training the neural network are both influenced by the size of the input data, so this downsampling step is performed to keep these parameters within tolerable limits. These Poynting vector values are dependent on the implant depth, 0 , as well as the distance of the receiving antenna above the body surface, . These values are then used to train a neural network in a supervised manner. The general structure of the NN-based estimator is depicted in Figure 5 .
Once the training process is complete, the network could be used to estimate the implant depth, given a sequence of values of the Poynting vector data at different frequencies and a given distance for the receiving antenna above the body surface. For the purposes of this study, three NN structures were considered: the classic multilayer perceptron (MLP), a variant known as Cascade-MLP (C-MLP) and the Elman network. The details of these three structures will be discussed in the next section.
Regarding the practical feasibility of the NN-based estimator, the same kinds of issues with respect to individuality of different human bodies and the inhomogeneous nature of the in-body environment exist, just as in the CLEAN-based estimator. However, as discussed in the previous section on the CLEAN-based estimator, it is possible to somewhat circumvent these issues by running the proposed NN algorithms on the real 3D body models obtained from individual patients. Again, the computational load could potentially be high but could be manageable for applications where the ranging data does not need to be known on a real-time basis.
For the NN-based estimator to work, it is necessary to first characterize the dependence of the Poynting vector values on the implant depth, 0 , as well as frequency. As with the CLEAN-based estimator, this process can be performed computationally by embedding the transmit antenna at a known implant depth within the 3D model acquired from the actual patient and then calculating the required Poynting vector values from FDTD simulations. The advantage of this approach is that it could result in more accurate ranging performance compared to the CLEAN-based estimator (as will be clear from the results presented in Section 4); however, the computational load could be increased.
Performance Analysis Framework
In order to assess the performance of the different range estimators, the first requirement is a 3D voxel model of the human body. For the purposes of this study, a 3D model, developed by the US National Library of Medicine under the name of the Visible Human Project (VHP) data set, was utilized [37] . Of course, there are alternatives to the VHP data set; however, this data set was the only one compatible with the modeling software used at the time this study was performed. The data set was incorporated into the XFDTD6 software, which is a 3D electromagnetic simulation platform using the FDTD method to calculate the electric and magnetic field intensities over any region of space, given the material properties and boundary conditions [38] . The fullbody voxel model is shown in Figure 6 (a).
Since FDTD calculations can be computationally intensive, the 3D voxel model was constrained by truncating it until only the region around the chest remained, as can be seen in Figure 6 (b). This truncation can be intuitively justified by keeping in mind that the human bodyis a lossy environment; therefore, the radiation from an antenna placed inside the body will be confined to the general vicinity of the antenna. More details on the antenna placement will be given later in this section.
A cell size value of 2 mm in the and directions and 0.5 mm in the direction was used for the FDTD calculations in order to satisfy the Courant limit. The Perfectly Matched Layer (PML) boundary condition was applied to the simulation scenario in order to be able to discard the effects of reflections from the body environment.
After the voxel body model was set up, a UWB antenna was defined in the software and placed inside the model. The antenna used was the elliptic disc dipole antenna [39] , shown in Figure 7 (a). The antenna location selected was the chest region, approximately at the same level as the heart, as seen in Figure 7(b) . With the antenna center point as the reference, the antenna was placed at a depth, 0 , from the body surface. The input signal to the antenna (which was used as the template pulse for the CLEAN algorithm later on) was a modulated Gaussian pulse with a −10 dB bandwidth of 1.4 GHz and a center frequency of 4.1 GHz. The choice of these parameters restricted the spectral content of the signal to the 2-6 GHz interval, with most of the content in the 3.4-4.8 GHz range. The part of the UWB spectrum between 3.4 and 4.8 GHz is commonly referred to as the "UWB Low Band" in the literature [40] . Only this part of the UWB spectrum is considered in this study, given other previous studies reporting that UWB signals in this frequency range are able to better penetrate body tissues [41] . The power level at the antenna input was set to a value of 1 mW, using a 50 Ω source, and the antenna was fed from the feed point between the two elliptical discs [19] . It should be noted that the elliptic disc dipole antenna is just one example of a UWB antenna designed for implant applications and that the effects of antenna size as well as other antenna parameters on ranging performance are outside the scope of the study.
For the purposes of this study, 0 values in the 40-60 mm range were considered (in 2 mm steps, with a total of 11 values). For each value of 0 considered, Poynting vector magnitudes at designated observation points on and radially away from the body surface were considered. Each such point was characterized by a value of / 0 , being the absolute distance of the point above the body surface. There were 80 such points in the range 1 ≤ / 0 ≤ 5. The Poynting vector data was logged and normalized to the power level at the antenna input 1 mW, and a value of the path loss with units of dBmW/m 2 was obtained. The data was then subjected to further processing, depending on the range estimation technique used. It should be noted at this juncture that the term "range" for the purposes of this study is defined to be the measured distance between the center point of the antenna and a point on the body surface.
For the CLEAN-based range estimator, the Poynting vector data was first processed with the CLEAN algorithm to come up with the channel profile. The TOA was estimated from the channel profile and the average value of was derived for each value of 0 considered. In order to derive a mathematical model for ( 0 ), curve-fitting was performed using a number of nonlinear functions. The best Root Mean Wireless Communications and Mobile Computing 
The values derived for each value of 0 as well as the nonlinear fit to the data (in the form of (11)) are shown in Figure 8 .
For the NN-based range estimator, the FFT of the Poynting vector data was first computed. The FFT values at 401 discrete frequency values, together with the distance, , were the inputs to the neural network. As stated in Section 2.2, three NN structures were considered for this study. For all three cases, there were a total of inputs to the network. For this study, there were = 402 inputs to each NN structure, as given by ∈ R = { , In order to enable an objective performance comparison among the three structures, certain parameters were kept the same. These common parameters are as follows:
(i) The number of neurons in the hidden layer (denoted by ) is 25.
(ii) Activation function: the activation function for all neurons in all structures was set to the tangentsigmoid function, expressed as
(iii) Learning algorithm: it is Levenberg-Marquardt.
The input-output relationships for all three structures are given below. MLP Structure. Referring to Figure 9 , the output of neuron in the hidden layer (where = 1, . . . , ) can be written as
where represents the value of the synaptic weight associated with the connection from input to neuron . The final output of the network, denoted bŷ0 ,MLP , iŝ
with representing the value of the synaptic weight associated with the connection from neuron to the output neuron. Figure 10 , we see that the C-MLP structure resembles the normal MLP structure, except that there is now a direct feedforward connection from the input layer to the output layer. The output of neuron in the hidden layer is given by (13) . The output of the network, denoted bŷ0 ,CMLP , is given bŷ
Cascade-MLP (C-MLP) Structure. From
where is the value of the synaptic weight associated with the connection from neuron in the hidden layer to the output neuron and is the value of the synaptic weight associated with the connection from input to the output layer.
Elman Structure. The Elman structure is a bit different from the MLP and C-MLP structures, as can be seen from Figure 11 , in that it incorporates feedback from the output of the hidden layer back on to its input after traversing what is known as a context layer [42] . This structure was selected in order to see whether the feedback results in better range estimation. For the sake of simplicity, the number of neurons in the hidden and context layers was set to the same value ( ). In this case, the output of neuron in the hidden layer is now given by
where V is the output of neuron ( = 1, 2, . . . , ) in the context layer given by
and is the value of the synaptic weight based on the connection from the output of neuron in the hidden layer on to the context layer. The final output of the network, denoted bŷ0 ,E , is given bŷ
where is the value of the weight associated with the synaptic connection from neuron to the output layer.
Results and Discussion

Results for the CLEAN-Based Range Estimator.
In estimating the time delay, Δ , that forms the basis for range estimation, the time delay corresponding to the strongest path in the channel profile was used, as that gave a more accurate estimate of the range than the first arriving path. This is illustrated in the Root Mean Square Error (RMSE) figures of Table 1 . Conventional wisdom holds that since the shortest path between any two points is a straight line, the signal on the direct path (DP) between the transmitter and receiver should suffer less delay and therefore get to the receiver first. While there are different techniques proposed in the literature for the estimation of the TOA [8] , the TOA of the DP is considered to be important for challenging localization applications (such as indoor localization [4] ) and the first detected signal above the receiver sensitivity threshold is generally accepted to be the TOA of the DP signal. One possible explanation for this finding can be provided by the concept of direct path (DP) excess delay. It is known that a piece of material with thickness, , and relative permittivity, , , between the transmitter and the receiver introduces an excess delay to the DP signal Δ given by [8, 43, 44] .
The human body is a geometrically complex, highly nonhomogeneous environment where different tissues can have very different permittivity values. Therefore, it is possible that range estimates in the in-body environment will be significantly affected by DP excess delay, since each tissue type encountered by the transmitted signal will add its own delay. In addition, since , is, in general, a function of frequency, it follows that Δ is also a function of frequency, meaning that different frequency components in the transmitted signal will be subjected to different amounts of delay. The general takeaway from all this is that for the in-body environment the DP signal may not get to the antenna first; in fact it is possible that it will be subjected to more delay than signals arriving via the other paths. The ranging error is defined by
For the CLEAN-based range estimator, the ranging error has been characterized by the RMSE as a function of the implant depth and is given in Table 1 .
As for the statistics of the ranging error, the empirical CDF of the ranging error was obtained and compared against a number of candidate distributions. The standard procedure in these cases is to measure the goodness-of-fit between the empirical CDF and the candidate distribution by means of hypothesis tests. In this study, the Anderson-Darling (A-D) test, implemented in MATLAB, was used with a significance level of 5% [45] . The test also calculates the values [46] . If the value of for a given candidate distribution exceeds the significance level, the test indicates that that distribution represents the ranging error data set. The empirical CDF was compared against nine candidate distributions in this manner. A sample of the ranging error data for illustrative purposes is shown in Figure 12 , and the results of the A-D test with respect to all candidate distributions are given in Table 2 .
From Table 2 , it is seen that for most implant depths, the values of are highest for the Generalized Extreme Value (GEV) distribution, indicating that it is a better representative for the empirical CDF of the ranging error than the others. The probability density function characterizing the GEV distribution is generally expressed as where is the shape parameter for the distribution, is the location parameter, and is the scale parameter. Note that (21) holds for those cases where and the three distribution parameters are such that the condition
is valid. The values of all three distribution parameters as a function of the implant depth are given in Table 3 . Finally, the CDF of the GEV distribution is plotted and compared against the empirical CDF of the ranging error data derived from the CLEAN algorithm, as depicted in Figure 13 . Also shown for comparison purposes are the CDFs corresponding to lognormal and Weibull distributions. It can be clearly deduced from the figure that GEV is indeed the most appropriate distribution for modeling the errors resulting from the CLEAN-based range estimator.
Results for the NN-Based Range
Estimator. The performance results for the three NN structures at the end of the training phase are presented in Table 4 , where we clearly see that there is no significant difference with regard to the training time between the three networks. This is most likely due to the size of the input data set used for the training.
The performance of the three NN structures was compared in terms of the RMSE of the ranging error across all implant depths ( 0 ) considered, as shown in Table 5 . An RMSE figure was computed for each value of 0 , and an average value of all the RMSE figures was also computed in order to have one figure of merit that can be used to compare all three networks. Based on these results, it is clear that the C-MLP structure has the best performance across all implant depths, followed by the Elman network and lastly the MLP structure. The performance edge of the C-MLP NN over the Elman structure is relatively minor (less than 4% across all implant depths); however, when one looks at the standard deviation of the RMSE across all implant depths (also presented in Table 5 ), the differences become more striking. It is clear that the C-MLP network can maintain a more consistent performance across all implant depths. Another striking observation from Table 5 is the number of antenna depth values where the RMSE takes on values less than 1 mm. This suggests that it is possible to obtain range estimates with submillimeter accuracy, even in a challenging environment like the human body using NN techniques, as long as the NN structure is properly designed. The capability to obtain this level of accuracy in the range estimates can have profound implications for implant applications, such as nextgeneration microrobotic surgery or targeted drug delivery, where the location of the implant would be needed (so that the microrobot can be more precisely guided to the region where surgery is to be performed, e.g.).
On the basis of the results of Table 5 , all further characterization of the ranging error was based only on the C-MLP structure, since it appears to exhibit the best (in terms of average RMSE) and most consistent (on the basis of the standard deviation of the RMSE) performance. As in the case of the CLEAN-based estimator, the same 9 candidate distributions were compared against the empirical distribution of the ranging error, using the A-D test. The results, again based on the value, are shown in Table 6 .
From the results of Table 6 , we see that there are two alternative distributions to represent the ranging error statistics for the NN-based range estimator: the lognormal distribution and the GEV distribution. The Weibull distribution is also a possibility, although we see that the value of is less than the significance level for the case of 0 = 60 mm, indicating that the Weibull distribution does not represent the ranging error for this case. For all the other distributions, the values of are observed to be less than the significance level for some or all implant depths. A closer inspection of the results for the GEV and lognormal distributions reveals that the values for the GEV distribution are higher for most implant depths, making the GEV distribution the better choice. A visual comparison of the CDFs of some of these candidate distributions against the empirical CDF of the ranging error is presented in Figure 14 . Finally, we present the parameter values for the GEV distribution as a function of the implant depth ( 0 ) in Table 7 . First, it is clear that the NN-based estimator outperforms the CLEAN-based estimator. This is evident from the RMSE figures presented in Tables 1 and 5 . Indeed, for some implant depths, the NN-based estimator is capable of submillimeter ranging accuracy. Another quantitative comparison is provided by Figure 15 , where the empirical CDFs of the ranging error for both the CLEAN-based and NN-based estimators are shown. It can be seen from the figure that the NNbased estimator can provide range estimates with an absolute ranging error of 3.23 mm or less with 90% probability, whereas the CLEAN-based estimator can provide an absolute ranging error performance of 5.634 mm or less with the same probability. This clearly indicates that the NN-based estimator can provide almost twice as good performance as the CLEAN-based estimator.
A possible explanation for this observation is that the CLEAN-based estimator relies on an accurate mathematical model of the relative permittivity, , as a function of the implant depth, 0 . It is possible that the limited accuracy of this model resulted in the relatively poor ranging performance of the CLEAN-based estimator. Making this model more accurate would be expected to improve the performance of this estimator. The NN-based range estimator, on the other hand, is a frequency-domain method which uses the Poynting vector magnitude information at different frequencies and different distances from the implant. As a result, the NN-based estimator avoids the possible ranging errors resulting from inaccurate estimation of . In a loose and purely qualitative sense, it can be said that the NNbased estimator takes into account the information on the frequency-dependent effects of the in-body channel, which is embedded in the whole spectrum of the received UWB signal, and leverages this information to come up with a more accurate estimate of the range.
It may be instructive to compare the results to other UWB-based range estimators operating in the in-body context. Unfortunately, in the course of our literature search, we were unable to find any other works except [27] dealing with UWB-based in-body ranging through maximum likelihood techniques that would allow a direct comparison. The results indicated in that study show a best-case ranging RMSE of about 23.5 mm. Based on the results presented in Sections 4.1 and 4.2, we observe that both the CLEAN-based estimator and the NN-based estimator outperform the maximum likelihood estimator.
Lastly, in the case of both the CLEAN-based estimator and the NN-based estimator, the ranging error statistics are well represented by the GEV distribution. The GEV distribution is commonly used to model certain statistical phenomena exhibiting heavy-tail behavior, such as extreme events in climatology, hydrology, and finance [47] . The GEV distribution has also been encountered in modeling the high amounts of ranging error due to shadowed undetected direct path (S-UDP) conditions for indoor localization [48] . Such heavy-tail phenomena are present in the in-body propagation environment as well. The body tissues attenuate and seriously distort the transmitted UWB signal in a frequency-selective way, and the scattering component of the path loss has been observed to be well represented by another heavy-tail distribution, namely, the Weibull distribution [19] . The DP component of the signal is likely to be highly obstructed owing to the lossy and nonhomogeneous nature of the human body environment. The presence of the GEV distribution for the in-body ranging error, therefore, is by no means a coincidence. Further studies in this area will no doubt allow greater understanding of the ranging problem within the human body, making high-accuracy in-body ranging and localization a reality.
Conclusions
In this paper, we focused on the problem of ranging with UWB signals in the in-body environment and proposed two range estimators to address this problem: one based on an implementation of the CLEAN algorithm and another based on neural network (NN) techniques. The performance of both estimators was analyzed in a systematic manner. The results clearly indicate that the NN-based estimator outperforms the CLEAN-based estimator, with submillimeter-scale ranging accuracy for some cases. The ranging error resulting from both estimators was observed to exhibit heavy-tail behavior and found to be well represented by a Generalized Extreme Value (GEV) distribution. The results shed light on fundamental issues surrounding ranging and localization for the in-body environment.
